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Abstract
Simulation tools and their integrated models are widely used to estimate 
potential starting, transit and runout zones of gravitational natural hazards such 
as rockfall, snow avalanches and landslides (i.e., gravitational mass flows [GMFs]). 
Forests growing in areas susceptible to GMFs can influence their release and propa-
gation probabilities (i.e., frequency and magnitude of an event) as well as their 
intensity. If and how well depends on the GMF type, the topography of the terrain 
and the forests’ structure. In this chapter, we introduce basic concepts of computer 
models and state-of-the-art methods for modeling forest interactions with rockfall, 
snow avalanches and landslides. Furthermore, an example of a protective forest 
routine embedded in the runout angle-based GMF simulation tool Flow-Py will 
be presented together with its parameterization for forest-GMF interactions. We 
applied Flow-Py and two custom extensions to model where forests protect people 
and assets against GMFs (the protective function) and how forests reduce their 
frequency, magnitude and/or intensity (the protective effect). The goal of this 
chapter is to describe protective forest models, so that practitioners and deci-
sion makers can better utilize them and their results as decision support tools for 
risk-based protective forest and ecosystem-based integrated risk management of 
natural hazards.
Keywords: simulation tools, statistical and physical models, protective forest, 
rockfall, snow avalanches, landslides
1. Introduction
Simulation tools and their integrated models are widely used by the scientific 
community and practitioners for their predicting power, which is where science 
and practice overlap. One major advantage of simulation tools is their potential to 
highlight what is known about a system and where knowledge gaps exist. Every 
model is a simplification of reality and practitioners can use the output of models 
as a decision support tool (see chapter [1] of this book). By simplifying a natu-
ral system, it is necessary to make assumptions, which goes hand in hand with 
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reducing complexity and loss of detail. To best benefit from using simulation tools, 
practitioners should therefore be familiar with the basics of the underlying models 
to understand their limitations.
In this chapter, we discuss how to incorporate forests into gravitational mass 
flow (GMF; [2]) models to gain an understanding of where forests protect people 
and assets (their protective function) and to estimate how forests reduce the 
frequency, magnitude and intensity of gravitational natural hazard (their protec-
tive effect; see chapters [3, 4] for definitions and details on forest-GMF interac-
tions). We first introduce basic concepts of computer models regarding protective 
forests and then summarize some of the state-of-the-art methods used for modeling 
forest interactions with rockfall, snow avalanches and landslides in their starting 
zone as well as transit and runout zones. Lastly, an example of a protective forest 
routine embedded into Flow-Py, a GMF simulation tool based on a runout angle 
(also referred to as the travel or α-angle) model [2, 5], is presented together with the 
justifications for the parameterization and implementation. This example highlights 
the development process of simulation tools and allows the user a deeper look into 
the assumptions that are necessary for modeling protective forests.
The model development process can be thought of as a 4-part cycle as shown 
in Figure 1. The cycle starts with obtaining a greater process understanding via 
laboratory experiments, field measurements, remote sensing data acquisition or 
existing observations. The next step of the cycle is to incorporate that new knowl-
edge into an existing model or newly developed model. The third step is a model 
validation where the model results are compared to observations. The last step is a 
model evaluation where the validation results are used to highlight improvements 
that have been made during the cycle and, more importantly, to reveal remaining 
knowledge gaps. These knowledge gaps are opportunities for new research to obtain 
a deeper process understanding and the cycle repeats.
In general, models can be grouped in several categories. For simplicity, we group 
GMF models by two main characteristics:
1. with regards to the size of the modeling domain which is linked to a model’s 
(spatial) resolution, and
2. the general methods and techniques that were used to develop a model.
The domain sizes and model types that will be discussed are the regional (10s 
to 100s of km2) and the hill slope or path scale (less than 10 km2), and data-driven 
Figure 1. 
The model development cycle.
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statistical models (hereafter referred to as statistical models, e.g., the α-β model [6], 
Flow-R [7], or the topographic approach of [8]) and process-based physical models 
(hereafter referred to as physical models, e.g., RAMMS [9] or Rockyfor3D [10]).
We use the expression “statistical model” to summarize data-driven, data-based 
and machine learning approaches whose quantitative outcome originates directly 
from empirical data without needing a deeper understanding of the underlying 
processes. The equation that results is based on statistics and the parameters have 
no physical meaning but are inferred from real-world observations. The major 
strengths of statistical models are the simplistic parameterization and their flex-
ibility in terms of input data requirements compared to physical models. However, 
statistical models can only answer questions they were designed for, which strongly 
depends on the input data used to develop and calibrate them. The major challenge 
for developing a reliable statistical model is, therefore, the collection of data on 
which to base the statistical relationships and parameterizations on.
In contrast, physical models break the main modeling question into the govern-
ing processes or smaller sub-processes that are expressed in equations. By compiling 
the sub-processes, information of the system is gained, and the modeling question 
can be addressed. Physical models usually involve more calculations and require 
larger computational resources than statistical models. However, the major advan-
tage of physical models is that the variables, parameters, and some intermediate 
calculations (usually) have physical meanings providing additional information, 
e.g., the energy of the GMF or the depth of the flow. This strength of physical 
models is also one of their major drawbacks, because they require very accurate 
input data and parameterization. That is, physical models can have large parameter 
sets, whose values can be difficult to measure and are often impractical to obtain 
for many modeling efforts. Moreover, although physical models split the main 
modeling question into sub-processes, significant feedback between processes still 
exists and cannot be ignored, i.e., the results of one sub-process are fed into another 
process. In practice, the calibration of physical models is often based on empirical 
parameter adjustments that gives these models a statistical character. In the end, a 
model can only be as “good” as the data that is used for its development, which is 
true for any (statistical or physical) model development.
GMF and protective forest models have often elements of both statistical and 
physical models (e.g. [11, 12]). The sub-processes that are lacking a strong under-
standing or that demand an excessive amount of data, such as forest interactions 
with a GMF, are frequently represented with statistical models. GMF runout models 
identifies the spatial extent or how far a hazard reaches down slope. To account for 
the vegetation effect in such a model, it requires the adjustment to the mechanisms 
for modeling the two main effects on gravitational natural hazards (see chapter [4] 
of this book):
1. the starting zone identification (release susceptibility or probability) in 
 forested areas, and
2. the runout model (the movement of the GMF) in forested locations.
The mechanisms to adapt a GMF model to a protective forest model are different 
depending on the type of model (statistical or physical), the size of the modeling 
domain and the research question being investigated. In statistical models, the 
mechanisms to account for interactions between a GMF and forest have to be rooted 
in empirical data, while these mechanisms must adjust the equations of physical 
models. However, the size of the modeling domain often determines the type of 
model that is applied. For large areas or regional scale modeling, statistical models 
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are regularly used due to the lack of existing and detailed input data. On single 
paths or the hill slope scale precise input data and parameterizations can often be 
collected more easily. Compared to regional-scale studies, investigations at the hill 
slope scale provide finer details relevant to individual properties in terms of the 
resolution and accuracy of simulated outputs (see chapter [13] of this book). In 
contrast, detailed information is often less useful for studies at the regional scale, 
and input data and simulation results are often simplified and presented as summa-
ries of higher resolution data (e.g., average values, standard deviations or trends). 
As a practitioner it is important to choose the appropriate model depending on the 
question at hand.
2. Protective forest models
Protective forest models can be applied to model (1) forests’ protective func-
tions, and/or (2) forests’ protective effects. That is, they can be used to identify 
locations of forests with an (object) protective function (see chapter [3] of this 
book for definitions), and/or to quantify the degree to which these forests protect a 
location.
Protective forest models are used by different user groups to support decision 
making. For example, the road administration could use a protective forest model to 
investigate the degree of protection a forest provides in a single avalanche starting 
zone or avalanche flow path that endangers a section of a road. Or a local or state 
government could use protective forest models to investigate the extent of protec-
tive forest located in a region (e.g., municipality, state, or province) to determine a 
budget for managing these forests. These examples require very different amounts 
of information and different mechanisms that must be implemented into the GMF 
model, so that it can be applied as a protective forest model. In this subchapter the 
main mechanisms currently used to include protective forest into different types of 
GMF models are introduced.
2.1 Identification of protective forests’ function
To address the question where object protective forest is located, a union 
between the spatial distribution of the forest and the spatial distribution of the 
GMF areas (consisting of starting, transit and runout zones) that endanger assets 
must be established. Therefore, the applied GMF runout model must be able to 
discriminate between parts of the GMF that endanger infrastructure and parts 
that do not, because not all parts of the transit zone and/or runout zone will neces-
sarily reach infrastructure for a given starting zone. This adaption to GMF runout 
models is relatively straight forward. The union between the spatial distribution 
of forest and the sub-set of GMF areas that endanger infrastructure is done in a 
post-processing step. The resulting maps highlight forests that have a direct object 
protective function, which has been mapped, for example, in Switzerland (project: 
SilvaProtect-CH [14, 15]) and in Austria (projects: PROFUNmap for data integra-
tion [16]; GRAVIMOD II for shallow-seated landslides [17, 18]; DAKUMO for snow 
avalanches [19]; GRAVIMOD I for rockfall and snow avalanches [20, 21]).
2.2 Quantification of protective forests’ effect
Two interactions between forests and GMFs must be considered to answer how 
much a forest reduces the frequency, magnitude and/or intensity of a GMF (see 
subchapter 1). That is, the initial release of mass can be influenced by forest and the 
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forest can also interact with the movement in the GMF’s transit and runout zones 
dissipating energy by mass reduction or increasing friction, which differs depend-
ing on the GMF type.
The process for releasing a GMF is highly dependent on the material type and 
composition. Therefore, each GMF type requires different models for identifying its 
starting zones and/or quantifying associated release and propagation probabilities. 
Deeper process understanding of how the forest interacts with the movement and 
release mechanics is available for some types of GMFs, while for others the process 
understanding is weak (see chapter [4] of this book). A lack of process understand-
ing will result in less precise model parameterizations for identifying starting zones 
and simulating forest-GMF interactions. Therefore, hazard-specific parameteriza-
tions and mechanisms are needed for the different GMF types such as rockfall, 
snow avalanches or landslides.
3. State-of-the-art forest-GMF interaction modeling approaches
3.1 Rockfall
Two main categories of rockfall models exist: 1) models that identify and 
characterize the potential starting (i.e., release or disposition) zones of boulders, 
and 2) models that simulate rockfall trajectories. That is, the effects of forest must 
be considered separately for the starting zone, and transit and runout zones, since 
forest might even increase rockfall activity in release areas due to wedge effects 
of the roots, and snow or wind effects on stem movements [22]. In the transit and 
runout zones, forest can shorten the runout lengths of boulders if the forest on the 
slope has a minimum length and no large gaps. For example, a minimum forested 
slope length of 250 m with openings below 40 m in length is one target [23] to 
potentially provide protection against rockfall. Currently, no rockfall model exists 
that combines disposition and trajectory modeling [24].
3.1.1 Rockfall release models
The impacts of trees in starting zones are mainly destabilizing due to the blast-
ing and leverage effects of root systems and/or windthrow, which have not been 
considered in release models. The choice of modeling technique to identify rockfall 
starting zones depends on data availability and the desired resolution of the output. 
Physical rockfall release models consider the internal friction of bedrock, bedrock 
types, slope inclination, foliation and fractures [25]. The input data requirements to 
physically model the rockfall release mechanisms limit the application of this type 
of models to one or few starting zones on a hill slope scale. In contrast, statistical 
rockfall starting zone models have been developed using digital elevation models 
(DEMs), which are often the only reliable data source for regional-scale modelling. 
This type of models applies a threshold based on the slope calculated from a DEM 
and may consider some local geology [26]. The slope threshold can be applied to 
DEMs of different resolution by adjusting it accordingly [27].
3.1.2 Statistical rockfall propagation models
Released blocks move mainly by sliding, rolling, jumping or bouncing 
downslope; however, knowing the exact type of movement is not necessary for 
statistical rockfall models, which use a runout-angle approach to predict rockfall 
runout lengths [28]. Two angles are used for rockfall modeling: First, the classical 
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runout angle (also travel or α-angle), which is the angle from the top of the starting 
zone to the furthest runout of a block. This runout angle assumes that the starting 
zone (release or source area) is known. The second angle is the shadow angle, which 
is the angle of the line that is drawn from the bottom of a cliff face (or the lowest 
possible point of a rockfall release) to the furthest reach of the block runout [22]. 
The shadow angle describes the maximum travel distance of blocks by intersecting 
the topography with an energy line starting at the base of the rock face. Empirical 
studies on α-angles of rockfall trajectories where boulders can still bounce, roll or 
slide suggest a range between 51.2° and 28.5° [29–31]. A regression approach was 
used to specify  α-angles for rockfall modeling by means of observed  α-angles 
with an optimal solution of 32.9° [29], indicating that values between 30° and 35° 
provide useful α-angles to model large rockfall distances.
Individual trees can dissipate the energy of a falling rock by the impact of the 
boulder, deformation of the stem, rotation or translation of the root, or rebound 
of the boulder [32, 33]. Therefore, in addition to the length of the forested slope, 
the protective effect of a forest stand depends strongly on its structural properties, 
mainly average stem diameter, stem density and/or basal area (see chapter [4] of 
this book), and has been incorporated into both statistical and physical rockfall 
trajectory models. That is, forests with a high basal area and high stem density have 
been identified as a particularly effective measure against rockfall by reducing 
the kinetic energy and velocity of falling and bouncing blocks in the transit zone 
[34], which translates to an average increase of the runout angle by 6° [35, 36]. For 
coherent modelling results, calibrating statistical rockfall models with observations 
of past events is key; however, physical rockfall models that account for the energy 
dissipating effect of forests are also being used when such data is not available.
3.1.3 Rockfall trajectory models at the slope scale and integration of forest effects
Physical rockfall trajectory models calculate the runout length and trajectories 
of blocks and may consider the block’s shape and type of movement as well as its 
interactions with different underlying surfaces (depending on roughness and soil 
cover) and the vegetation. Many physical rockfall models provide statistical distri-
butions of the block jump height, velocity and kinetic energy at each point along 
a slope; however, only few also distinguish the block movement types. Current 
research is dedicated to also integrating block fragmentation during the fall process, 
which has not yet been implemented in rockfall models [37, 38].
Physical rockfall trajectory models have initially been developed in a two-
dimensional framework. Similar to statistical models, forest-block interactions are 
implemented by a kinetic energy dissipation of a block in forested terrain, which 
is here translated by an equivalent friction coefficient [39]. Two-dimensional 
physical rockfall trajectory models are often employed in simulation experiments 
for parameterizing statistical rockfall models to quantify the effects a forest has on 
the dispersion of possible block trajectories. However, these models are not able to 
represent the variability in the spatial distribution of trees, tree species and stem 
diameters, and how they affect rockfall trajectories.
Spatially explicit simulations of forest effects on rockfall require three-
dimensional models that account for the effects of individual trees on kinetic 
energy dissipation, lateral rebound and impact [40]. Therefore, three-dimensional 
trajectory models have been developed to simulate block dispersion depending on 
the topography of the terrain rather than just on a set of several two-dimensional 
trajectories [25, 41–43]; however, only few consider the protective effect of forest, 
e.g., Rockyfor3D by a reduction in kinetic energy dependent on stem diameter 
and the percentage of coniferous trees [44]. In RAMMS::ROCKFALL, non-smooth 
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mechanics are coupled with hard contact laws in the framework of a discrete ele-
ment model; the plugin to simulate the effect of forest on rockfall trajectories will 
be released in fall of 2021 [45].
3.2 Snow avalanches
The primary effect of forest on slab avalanche is to reduce the probability of 
release by stabilizing the snowpack on the ground [46] (see also chapter [4] of this 
book). A secondary effect of forest is its capability to stop or significantly decelerate 
small-to-medium avalanches starting within forests or close to the upper timberline 
[47]. However, breakage, uprooting and overturning of trees also reduce runout 
lengths of medium-to-large avalanches starting above the timberline [48–51]. 
Both protective effects are influenced by forest structure in terms of canopy cover, 
stem density, species composition and size and distribution of forest gaps [52, 53]. 
To model these two effects usually requires different approaches and even differ-
ent models.
The models used to identify an avalanche starting zone or to quantify the prob-
ability of an avalanche release in forests are primarily statistically based and can 
be applied to regional or hill slope scales [54, 55]. Models that quantify the forest 
effect on avalanche dynamics are mainly physical models for regional or hill slope 
scales [56]; however, the processes that describe forest-avalanche interactions can 
be expressed physically or statistically depending on the resolution of the avalanche 
dynamics model. Simpler statistical models are used more often on regional scales 
[57], while physical models are often limited by the required detail of the input data 
and are more applicable on the hill slope scale [58].
3.2.1 Snow avalanche starting zone and release models
The most basic release area models locate potential avalanche starting zones with 
statistical relations to terrain features [59–61]. In these models, forest is often over-
simplified with no consideration of its type or structure. More sophisticated models, 
which usually require additional information on the snow climate, terrain roughness 
and/or vegetation type, can also quantify the avalanche release probability [62, 63]. 
The integration of forest in these models is necessary to quantify the forest effect in 
dependence on its structure, so that it can be integrated into risk assessments [64].
3.2.2 Statistical snow avalanche-forest interaction models
Statistical avalanche models are widely used to predict maximum runout lengths 
of extreme avalanches. These models are developed from topographic parameters 
of paths and observed runout lengths of representative avalanche events. The two 
mainly applied statistical models are the α–β model [6], and the runout ratio model 
[65], which uses a runout ratio or density probability function to fit a distribution 
to observed runouts. However, modeling forest-avalanche interactions with statisti-
cal models is challenging since (1) the existing approaches are designed to predict 
extreme avalanches where forest has a very limited effect on runout [47], and (2) 
reliable avalanche observations in forested terrain, which are needed for model 
parameterization and calibration, are rare (see also chapter [66] of this book). For 
example a terrain and runout ratio analyses for 45 forest-penetrating avalanches, 
which showed that all but one avalanches stopped up-slope of or at the β-point (the 
point at which the slope first becomes 10°) [49]. A plot of runout ratio probabilities 
was derived that can be used in the field to determine the likelihood of an avalanche 
travelling through forest to a given point on a slope.
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In subchapter 4, we present another example of a protective forest routine that 
was embedded in the GMF simulation tool Flow-Py [5], but is also applied in the 
online “Protective Forest Assessment Tool – FAT” [67, 68] – a risk-based decision 
support tool to estimate the value forest has for protecting buildings and infrastruc-
ture against GMFs and to compare it to technical and avoidance measures (see also 
chapter [1] of this book).
3.2.3 Physical snow avalanche dynamics-forest interaction models
Early approaches to model forest-avalanche interactions apply an increase in 
friction in forested areas to a Voellmy-type relation accounting for the decelerating 
effect of forest on the avalanche flow and thus a reduction in runout length [69–71]. 
Voellmy-type models split the total friction into a velocity-independent Coulomb 
friction term and a velocity-dependent “viscous” or “turbulent” friction [72]. The 
Coulomb friction is thought to summarize snow properties, whereas the velocity-
dependent turbulent friction term expresses the topography and roughness of an 
avalanche flow path [73, 74]. To model the braking effect of forests on avalanches 
the turbulent drag of the basal friction is increased in forested areas compared to 
open unforested terrain [50, 55]. This increase in friction is supposedly caused by a 
combination of different forest-avalanche interactions such as breaking, overturn-
ing, uprooting or entrainment, which are thought to act mostly on the velocity-
dependent turbulent friction [48]. However, this interpretation of the Voellmy 
friction terms is not ideal because it is based on expert judgment rather than on 
measurements [12]. Recently, a small-scale experiments of granular flows travel-
ing through regularly spaced ‘trees’ was used to show that the overall deceleration 
rate can be predicted by applying a stem density-dependent effective basal friction 
coefficient [75]. The friction approach has been tested for large-scale fast-moving 
avalanches where the braking effects are small and occur over longer runout lengths 
[51, 76]; however, this method may not be valid for small-to-medium avalanches 
[77]. That is, snow detrainment which is the main process of forest-avalanche 
interactions in small-to-medium avalanches is not well represented with a frictional 
relationship and the local braking effect of forests on avalanche flow is difficult to 
model at the grid scale [56].
Based on field observations, [56] developed an additional one-parameter func-
tion (detrainment function) to include forest-avalanche interactions in physical 
avalanche dynamics models. This function accounts for the snow that is deposited 
behind trees, groups of trees or remnant stumps by a combination of impact, rub-
bing dissipation, deflection, cohesion and jamming. The stopped mass is extracted 
from the avalanche volume and the corresponding momentum is removed from the 
total momentum of the moving snow leading to a reduction in runout length. The 
braking effect of forests on avalanche flow and, therefore, the mass to be removed 
from the avalanche volume is summarized in one parameter (the forest detrainment 
coefficient K) representing different forest structures [77].
3.3 Landslides
A multitude of possibilities exist to build spatial models for landslides, which 
are considered crucial for implementing efficient risk reduction strategies and for 
managing landslide risk [78–80]. Spatial landslide models are regularly applied 
to provide estimates on landslide-prone terrain, slope (in)stability or landslide 
hazard and are employed at different scales to obtain insights into the predisposing, 
preparatory or triggering factors of slope instability [81–83].
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Spatial landslide models are generally based on qualitative (expert judgment/
heuristic) or quantitative (statistically or physically based) approaches [78, 84]. The 
results of heuristic procedures can be considered subjective as they are primarily 
based on expert-driven weighting schemes. Instead, statistical and physical models 
provide numerical outputs and are extensively applied within current scientific 
studies. The wealth of currently available landslide modeling tools has certainly 
facilitated the spatial analysis of landslide processes (e.g., [7, 85–89]). However, 
despite the recent technical advancements, the explanatory power and applicability 
of a quantitative spatial landslide model still relies on a non-trivial balance between 
the quality of the available input data, the model complexity and the envisaged 
spatial coverage [78, 90, 91]. The following two subchapters focus particularly on 
quantitative spatial landslide models for starting zones of shallow slope (in)stabili-
ties and the implementation of forest’s protective effects.
3.3.1 Statistical models for landslide release: regional scale
Statistical landslide models are usually based on a classification algorithm or are 
regression-based models that link landslide inventory data (e.g., landslide presence/
absence information, counts on landslides) to a variety of environmental variables 
that are supposed to represent the static or dynamic causes of slope instability. 
The resulting relationships can then be transferred to each spatial unit of a study 
site (e.g., raster cell or catchment) to derive a static landslide susceptibility map or 
spatio-temporal landslide predictions [92, 93]. Statistical models are mainly applied 
for larger areas, as they are not reliant on a specific set of subsurface parameters 
that are hard to measure (e.g., soil properties), and because their predictive power 
increases with the number of observations [94, 95]. Several studies have shown 
that statistical models can provide insights into the contribution of different 
forest types, land cover changes and timber harvesting on landslide occurrence 
[81, 96, 97]; however, recent research conducted within the framework of the 
project GreenRisk4ALPs [98] also highlighted that an interpretation of statistical 
models must be done with great care [92], since widespread errors in the underlying 
input data may lead to distortions in the modeling results and a wrong inference on 
the causes of slope stability. For instance, a model based on land cover variables and 
landslide data that is incomplete in forested terrain is likely to underestimate the 
true stabilizing effect of the forest cover [99].
3.3.2 Physical models for landslide release: catchment scale
Spatial physical slope stability models are based on physical laws and formally 
allow to analyze causes and effects. Such models are frequently entitled the most 
advanced approaches to spatially assess slope instability [90]. Physical slope 
stability models calculate the ratio between stabilizing and destabilizing forces (i.e., 
factor of safety or probability of failure) for a planar sliding plane [100, 101] or 
non-planar shear surface [89], while the integration of dynamic components (e.g. 
hydrological modules) allows to trace the stability state over time. In theory, the 
(de)stabilizing effects of trees and/or forest cover on slope stability can be consid-
ered within such physical models by accounting for hydrological processes (e.g., 
evapotranspiration, canopy interception) and mechanical forces (e.g., cohesion, 
surcharge) [82, 102–105].
The high potential of physical models to elaborate causes of slope instability 
is seldomly questioned while recent technical advancements even allow to run 
these models efficiently for larger study areas [85]. In practice and especially when 
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evaluating the effects of vegetation on slope stability, the actual explanatory power 
of such analyses is restricted by a limited availability of geotechnical data and an 
appropriate spatio-temporal description of surface and subsurface biomass-related 
parameters (e.g., root system description, surcharge, evaporation) [82, 95, 106]. 
For instance, a detailed elaboration of the mechanical effects of roots (i.e., root 
reinforcement) requires additional area-wide information on potential slip surface 
depths, because anchoring becomes particularly relevant as soon as the roots 
penetrate the sliding plane. At the same time, sliding surfaces might not be equally 
distributed in space and be co-determined by prevalent soil depths and topography 
(e.g., slope angles). Further spatial information on species distribution, tree age and 
soil properties might be necessary to approximate root distribution (penetration 
depth) while geotechnical soil parameters are also known to influence the cohesion 
forces of a plant. Ultimately, this example also highlights that sophisticated physi-
cal models are a simplification of reality and challenging to parameterize, even for 
smaller and data-rich study sites [78, 84].
4. Protective forest modeling with the Flow-Py simulation tool
The Flow-Py simulation tool contains a GMF runout model for regional scales 
that allows users to customize GMF simulations by adjusting the parameterization 
or developing extensions to adapt the calculations, input data and outputs of the 
model [2, 5]. Flow-Py integrates a statistical model where the runout is solved by 
splitting the modeling question into two sub-questions, which are addressed in the 
two modeling routines:
1. The stopping routine: is a stopping criterion met?
2. The routing routine: if not, to where does the flux of the GMF (a portion of the 
mass flow) gets distributed?
The solver operates on a DEM by calculating the flux from one raster cell to 
the next until a stopping criterion is met. The cell-by-cell calculation results in the 
runout (magnitude) and intensity of the GMF without the need to predefine a 
flow path.
GMFs can flow very differently depending on the material of the mass [107]. 
Flow-Py overcomes this challenge by adapting the parameterization to fit the 
type of GMF being modeled using only four parameters: (1) runout angle, (2) 
divergence exponent, (3) flux cutoff, and (4) maximum kinetic energy height. 
The runout angel needs to be derived from observations and describes the average 
reach of the GMF measured from the top of the starting zone to the end of the 
furthest runout (Figure 2). The divergence exponent adjusts the concentration 
and spreading of flux across the terrain. The flux cutoff is a limit to describe 
the amount of flux needed to further propagate the GMF. Lastly, the maximum 
kinetic energy height limits the kinetic energy of the GMF, which is essentially 
a limit of the maximum velocity. Two criteria stop the flux, if (1) the simulated 
GMF runout reaches further than the predefined runout angle, and/or (2) the 
amount of mass, which is spreading across a slope, reaches a critical value that is 
required for further propagation. The routing routine calculates to which cell(s) 
the flux is distributed and uses the DEM to favor directions with steeper down-
ward slopes, as well as persistence, which is similar to momentum but derived by 
statistical means and does not consider the GMF’s mass (for further information 
and details see [2]).
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To address specific questions regarding protective forest, we developed two 
custom extensions for Flow-Py to:
1. Identify locations of forests with an object protective function (back-tracking 
extension), and
2. Quantify their protective effect (forest extension).
From a modeling perspective these are two very different questions that gener-
ally require specific and significant adaptations of GMF runout models.
4.1 Identifying the location of forests with a protective function
The custom extension called “back-tracking” extension was implemented to 
adapt Flow-Py from a pure runout model to one that highlights the terrain associated 
with endangering infrastructures. Therefore, an additional input raster with the spa-
tial distribution of infrastructure in the modeling domain is needed. Furthermore, 
minor changes must be implemented in the Flow-Py computer code, such that the 
path that the GMF traveled to reach the infrastructure is stored in computer memory.
4.2 Quantifying the protective effects of forests
To model the interactions between the movement of a GMF and forest, a custom 
“forest” extension was implemented in Flow-Py. The forest extension accounts for 
the increase in energy dissipation (or friction) in the parts of the GMF path that 
are located in forest by adjusting the runout angle to a steeper angle (Figure 2). The 
amount of change in the runout angle is dependent on the forested slope’s length, 
the forest’s structure and the kinetic energy height (relatable to velocity) of the 
GMF. That is, the forest extension adapts Flow-Py’s runout-angle stopping criterion 
to account for the forest’s ability to dissipate energy from GMFs.
Figure 2. 
The concept behind the forest extension. The solid brown lines indicate the runout length with α being the 
runout angle for a specific GMF. The dashed lines show the runout length with the forest being considered and 
αforest, the runout angle in forested areas. Artwork: Karl Kleemayr.
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To characterize the effect of different forest structures on the GMF movement, 
the forest extension uses the so-called forest structure index (FSI), which sum-
marizes how developed a forest is with regards to its optimal protective effect and 
ranges between 0 (no protection) and 1 (optimal protection). The FSI needs to be 
provided as input for the Flow-Py simulation in form of a FSI forest raster. Because 
Flow-Py uses a statistical model, the parameterizations of forest-GMF interaction 
should ideally be based on observations quantifying the forest’s protective effect. In 
absence of data on how forests interact with different GMFs, the parametrization 
was developed in this first model development cycle based on a literature review 
and can be further refined with future observations.
We developed and applied Flow-Py in the Interreg Alpine Space project 
GreenRisk4ALPs [98] to model forest’s protective functions and effects on different 
GMFs. In the next subchapters, the parameterizations established to model forest 
effects on rockfall, snow avalanches and shallow landslides using 10-m resolution 
raster (DEM and forest raster) will be presented. Since Flow-Py requires an already 
prepared starting zone raster as input, forest effects on avalanche and rockfall 
release were not explicitly considered. In terms of rockfall, we assumed that forest 
in the starting zone does not affect rockfall release. A method to quantify the rel-
evance of the potential forest effect on the release of landslides has been developed 
as a pre-processing routine, which is an adaption to the input data showing the areas 
that are associated with potential landslide starting zones.
4.2.1 Modeling forest effects on rockfall propagation with Flow-Py
The recommended slope angle of ≥ 45° was used to identify rockfall release 
zones [108, 109]. The Flow-Py parameterization used to describe large single block 
rockfall can be found in Table 1.
The average energy loss along a rockfall trajectory can be modelled by friction 
parameters and is linear along a slope due to bouncing, rolling and sliding of falling 
rocks [111]. This linear relationship and normally distributed block stopping points 
along sections of the curve are displayed in Figure 3. The maximum increase to the 
runout angle due to forest is 13° (when FSI = 1 and kinetic energy height ~ 0), which 
leads to a maximum runout angle of 45° (mean runout angle of 32° + 13°). However, 
if the forest structure is not optimal the increase to runout angle is scaled to the 
FSI value (13° × FSI). That is, as the kinetic energy height increases, the less the 
protective effect of the forest. To incorporate this into the model the runout angle is 
reduced linearly by the kinetic energy height until the rock has a velocity of 30  
m s−1, which is well above 20 m s−1 that have been found for forest to have an influ-
ence on rockfall propagation [112]. The optimal protective forest for rockfall is a 
mixed or broad-leaved forest (FSI = 1) with a high stem density while dense ever-




flux cutoff 0.03% of the initial flux (0.0003 m)
velocity limit 50 m s−1 (maximum kinetic energy height ~ 130 m)
Table 1. 
Flow-Py parameterization used to model large single block rockfall. The resulting behavior of the simulation 
is a single flow in steeper terrain and minimal spreading when the terrain flattens. The velocity limit keeps the 
speed of the rockfall in a range that has been observed in nature [32, 110].
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velocity ≥ 30 m s−1 forest has no energy dissipating effect on a falling block (see 
Figure 3 for justification).
4.2.2 Modeling forest effects on snow avalanches with Flow-Py
Avalanche starting zones were delineated based on a slope inclination rang-
ing between 28° and 55°, which is most often applied to identify slab avalanche 
starting zones [20]. The parameterization used to describe large dry-snow slab 
avalanches with Flow-Py is given in Table 2. We applied a mean runout angle of 
25°, which was determined from measurements of 89 documented large avalanche 
events in Austria [19]. The maximum kinetic energy height limit imposed keeps 
the speed of the avalanche in a range that has been observed in nature [118], 
and which can be thought of as describing the turbulent friction of the ava-
lanche debris.
Similar to rockfall, we could not find publications addressing the relationship 
between avalanche kinetic energy height (or velocity) and the increase to the 
runout angle (energy dissipation) in forested terrain and, therefore, assumed a 
linear relationship (see Figure 4 for justifications). The kinetic energy height 
Figure 3. 
Relationship between rockfall velocity (lower x-axis, red line) and the amount of forest-rock interaction, which 
is expressed in an increase to the runout angle (left y-axis). The upper x-axis (blue line) shows the relationship 
between kinetic energy height and the amount of forest-rock interaction. The green and orange bars are velocity 
ranges where forest has been found to affect rockfall propagation (green [112]) or rockfall velocities measured 
in forests (orange, *[39, 108, 113–116]). The red dashed lines show measured rockfall velocities outside of 
forest [110, 117]. The blue dashed line shows that at 20 m kinetic energy height a forest can have a significant 




flux cutoff 0.03% of the initial flux (0.0003 m)
velocity limit 70 m s−1 (maximum kinetic energy height ~ 250 m)
Table 2. 
Flow-Py parameterization used to model large dry-snow slab avalanches. The resulting behavior of the 
simulation is a moderate spreading in steeper terrain and a more divergent flow in flat terrain.
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is related to the square of the velocity which results in the relationship between 
the runout angle and velocity shown in red in Figure 4. The maximum increase 
to the runout angle in forest is 10° (when FSI = 1 and kinetic energy height ~ 0), 
which leads to a maximum runout angle of 35° (mean runout angle of 25° + 10°). 
However, if the forest structure is not optimal regarding avalanche protection 
the increase to the runout angle is scaled with the respective FSI value (10° × 
FSI). Furthermore, as the kinetic energy height increases the forest has less of a 
protective effect and, therefore, the runout angle is reduced linearly by the kinetic 
energy height until the avalanche has a velocity of 30 m s−1 (kinetic energy height 
~ 105 m). This threshold is reasonable when compared to the Swiss classification 
according to avalanche impact pressures and potential damages [121], i.e., at 30 m 
s−1 an avalanche with a snow density of 200 kg m−3 would have an impact pressure 
of 170 kPa, which is a higher impact pressure than is needed to destroy large forest 
areas and uproot evergreen conifer trees. At a kinetic energy height of ~ 105 m 
(or velocity of 30 m s−1) the forest is no longer capable of reducing the avalanches 
energy [51, 122].
An evergreen conifer forest with a high stem density and dense canopy cover 
(FSI = 1) can significantly reduce runout lengths of small-to-medium avalanches 
[47], where broad-leaved forest (FSI = 0.8) has a reduced effect as well as a 
forest with lower stem densities and less dense canopy cover, which needs to be 
reflected in the choice of FSI-values. The applied method of adjusting the runout 
angle not only accounts for increasing the energy dissipation in avalanche transit 
zones but also somewhat for forest effects in starting zones since the maximum 
runout angle increase in well-developed evergreen conifer forest is set to 10°, 
which leads to an effective runout angle of 35°. That is, applying an increase 
to the runout angle dependent on the FSI adjusts the starting zones in forests 
since an avalanche might not be released on forested slopes up to 35°, which is a 
conservative estimate for regional modeling and based on the assumption that 
small forest openings might still be present in forests growing in steep avalanche 
terrain [46, 52].
Figure 4. 
Relationship between avalanche velocity (lower x-axis, red line), and the amount of forest-avalanche 
interaction, which is expressed in an increase to the runout angle (left y-axis). The upper x-axis (blue line) 
shows the relationship between kinetic energy height and the amount of forest-avalanche interaction. The 
dashed red lines show values of documented avalanche velocities [118–120]. Colored points are calculated 
velocities (and kinetic energy heights) based on the Swiss classification according to impact pressures and 
related damages [121].
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4.2.3  Modeling the relevance of potential forest effects on shallow landslides 
with Flow-Py
There are major differences between the protective forest model used for shallow 
landslides, and the one used for rockfall and snow avalanches. This is due to the lack 
of data and process understanding on how forest interacts with landslides (i.e., open 
hillslope debris flows) in the transit zone at the resolution and/or detail required for 
regional modeling (see chapter [3] of this book). We therefore assumed no forest 
effect in the transit and runout zones of landslides, but forest in the starting zones 
reduced the likelihood (probability) of landslide release. Flow-Py was then used to 
highlight locations on a slope and in the valley bottom that are being protected by 
reducing the landslide’s release probability (the applied Flow-Py parameterization 
can be found in Table 3).
Landslide starting zone modeling was performed by building upon the principle 
‘the past is the key to the future’. A binary supervised classification algorithm was 
used to link past landslide locations and landslide-absence locations (topographically 
corrected random sample; > 50 m from past landslides) with a variety of topographi-
cal and thematic features (e.g., slope angle, topographic wetness index, relative 
topographic position, aspect, landform variables, and geology). The result is a raster 
that highlights potential landslide starting zones and breaks the areas down into 
likelihood categories based on how similar the areas are to past landslide release areas 
in the study region. This was done by a Generalized Additive Model that accounts for 
the previously observed non-linear relationships among landslide occurrence and the 
explanatory variables [81, 123]. The derived statistical model was applied to spatially 
predict the likelihood of class-membership of each raster cell that contains informa-
tion on the environmental explanatory variables. This method of starting zone mod-
eling is more sophisticated than that used for rockfall or snow avalanches; however, 
the applicability of this type of models is limited to the region of the input data and 
therefore is not a general model and not easily transferable to other locations.
The potential forest effect was considered at the level of the classified landslide 
release susceptibility (likelihood). Areas identified as favorable for landslide 
release (different classes) were grouped into forested terrain and non-forested 
terrain using a matrix-based approach. Areas susceptible to landsliding due to their 
topography and geology were considered more stable (without assigning a specific 
degree of stabilization) in case they were covered by forest compared to their non-
forested counterparts. This builds upon the literature-supported assumption that 
stabilizing effects of trees usually outweigh destabilizing effects for shallow-seated 
landslide processes (e.g., [82, 96, 104, 124, 125]). Furthermore, we assumed that a 
forest located on a landslide-prone slope is more “relevant” compared to a forest on 
unsusceptible terrain (e.g., flat terrain or too steep terrain). For more details on how 
the forest effect on shallow landslide release was considered can be found in the 
GreenRisk4ALPs project report [126].
Parameter Value
runout angle 22° [17]
divergence exponent 75 [18]
flux cutoff 0.03% of the initial flux (0.0003 m) [7]
maximum kinetic energy height ~ 12 m [7]
Table 3. 
Flow-Py parameterization used to model large shallow-seated landslides. The resulting behavior is low 
spreading in steeper terrain and a more divergent flow when the terrain flattens.
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4.3  Post-processing of Flow-Py simulation results for risk-based decision 
support
To locate protective forests or quantify their protective effects by reducing 
impacts of gravitational natural hazards on people and assets several post-process-
ing steps of the Flow-Py simulation results are needed.
4.3.1 Forests with an object protective function
The workflow to identify forests with an object protective function is shown 
in Figure 5 (see also subchapter 4.1). The output of Flow-Py simulations with the 
back-tracking extension are spatially explicit subsets of the GMF starting, transit 
and runout zones that are associated with endangering infrastructure. A union 
between the back-tracking results and the spatial distribution of forested areas 
is then performed in a GIS resulting in a gridded dataset of forests with an object 
protective function, i.e., “Direct Object Protective Forest” for each hazard type. 
In chapter [1] of this book, we further explain these maps and discuss their use 
as decision support tool in risk-based protective forest and ecosystem-based risk 
management of natural hazards.
4.3.2  Forests’ protective effects and regional impacts on gravitational natural 
hazards
The term protective effect describes the forest-GMF interaction, which we 
model with Flow-Py and its forest extension by increasing the runout angle in 
forested terrain. In contrast, we introduce the term forest impact(s) to describe how 
forest affects the spatial distribution or intensity of GMFs on a regional scale and 
their impacts on, e.g., infrastructure.
There are many types of forest impacts such as reductions in runout length, 
energy or mass of the GMF, or of its release probability, which can be quanti-
fied with different methods (see chapters [66, 127, 128] of this book). Within the 
GreenRisk4ALPs project, we developed the Impact Reduction Index (IRI), which 
shows the difference in average kinetic energy height between Flow-Py simulations 
with (employing the forest extension) and without forest effects. The post-process-
ing workflow to calculate the IRI is outlined in Figure 6, and further examples and 
explanations of how the IRI can be applied for supporting decisions in protective 
forest and natural hazard risk management are provided in chapter [1] of this book.
Figure 5. 
Post-processing workflow to identify forests with an object protective function producing “Direct Object 
Protective Forest” maps.
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It is important to note that several starting zones may route flux through the same 
forest area and, since the forest effect depends on the kinetic energy height (GMF 
velocity), the same forest area can have a high protective effect associated with one of 
these GMF starting zones but provide almost no protection for the others. To reflect 
this in the IRI, we normalized the difference in average kinetic energy height between 
Flow-Py simulations with and without forest effects with the maximum value of 
kinetic energy height of “no-forest” Flow-Py simulation results at a given location.
5. Conclusions
Models and simulation tools for gravitational natural hazards combine different 
bits of process understanding in a way that is useful for scientists and practitio-
ners. The predictive power of protective forest models results from combining the 
state-of-the-art process understanding of GMFs with the state-of-the-art process 
understanding of forest-GMF interactions in one modeling approach. Knowledge 
about GMF processes and their interactions with forest can be derived by physical or 
statistical means; however, it is often a combination of both that is included in one 
model (e.g. [129]). By combining these model types scientist can quantify how well 
the current process understanding describes reality and practitioners can use GMF 
and protective forest models and their results as decision support tools. Examples of 
the results of modeling forests’ protective functions and effects with Flow-Py that 
we described in this chapter, and which were obtained within the GreenRisk4ALPs 
project for rockfall, snow avalanches and landslides, as well as their application for 
decision support in natural hazard risk management are summarized in chapter [1] 
of this book. However, many of the presented parameterizations that were estab-
lished in this first round of the model development cycle would benefit from further 
empirical parameter studies. The general lack of model parameterizations describing 
forest-GMF interactions is a major knowledge gap and should be addressed in future 
studies with the goal of obtaining a deeper process understanding that can be trans-
lated into enhanced parameterizations of, e.g., the four parameters that describe 
GMFs’ behavior as well as the forest structure index (FSI) applied in Flow-Py.
Figure 6. 
Post-processing workflow to calculate the impact reduction index (IRI). Adapted from [126].
Protective Forests as Ecosystem-Based Solution for Disaster Risk Reduction (ECO-DRR)
18
Author details
Christopher James Laplante D’Amboise1*, Michaela Teich1, Anne Hormes1, 
Stefan Steger2 and Frédéric Berger3
1 Department of Natural Hazards, Austrian Research Centre for Forests (BFW), 
Innsbruck, Austria
2 Eurac Research, Institute for Earth Observation, Bolzano, Italy
3 Université Grenoble Alpes, National Research Institute for Agriculture,  
Food and Environment (INRAE), Grenoble, France
*Address all correspondence to: christopher.damboise@bfw.gv.at
Acknowledgements
This work was conducted in the context of the GreenRisk4ALPs project 
(ASP635), which has been financed by Interreg Alpine Space, one of the 15 transna-
tional cooperation programs covering the whole of the European Union (EU) in the 
framework of European Regional policy. We are grateful to the late Karl Kleemayr, 
who significantly contributed to the ideas behind the modeling of forest’s protec-
tive effects with Flow-Py as well as to the development of the impact reduction 
index (IRI).
Conflict of interest
The authors declare no conflict of interest.
© 2021 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms 
of the Creative Commons Attribution License (http://creativecommons.org/licenses/
by/3.0), which permits unrestricted use, distribution, and reproduction in any medium, 
provided the original work is properly cited. 
19
Modeling Protective Forests for Gravitational Natural Hazards and How It Relates to Risk-Based…
DOI: http://dx.doi.org/10.5772/intechopen.99510
References
[1] Accastello C, Poratelli F, Renner K, 
Cocuccioni S, D’Amboise CJL, Teich M. 
Risk-based decision support for 
protective forest and natural hazard 
management. In: Teich M, Accastello C, 
Perzl F, Kleemayr K, editors. Protective 
forests as Ecosystem-based solution for 
Disaster Risk Reduction (Eco-DRR). 
London: IntechOpen; 2021. DOI: 
10.5772/intechopen.99512
[2] D’Amboise CJL, Neuhauser M, 
Teich M, Huber A, Kofler A, Perzl F, 
et al. Flow-Py v1.0: A customizable, 
open-source simulation tool to estimate 
runout and intensity of gravitational 
mass flows [working title]. Geosci 
Model Dev.
[3] Teich M, Accastello C, Perzl F, 
Berger F. Protective forests for Ecosystem-
based Disaster Risk Reduction (Eco-
DRR) in the Alpine Space. In: Teich M, 
Accastello C, Perzl F, Kleemayr K, editors. 
Protective forests as Ecosystem-based 
solution for Disaster Risk Reduction 
(Eco-DRR). London: IntechOpen; 2021. 
DOI: 10.5772/intechopen.99505
[4] Perzl F, Bono A, Garbarino M, 
Motta R. Protective effects of forests 
against gravitational natural hazards. In: 
Teich M, Accastello C, Perzl F, 
Kleemayr K, editors. Protective forests 
as Ecosystem-based solution for 
Disaster Risk Reduction (Eco-DRR). 
London: IntechOpen; 2021. DOI: 
10.5772/intechopen.99506
[5] Neuhauser M, D’Amboise CJL, 
Teich M, Kofler A, Huber A, Fromm R, 
et al. Flow-Py: routing and stopping of 
gravitational mass flows (Version 1.0). 
Zenodo; 2021. DOI: 10.5281/zenodo. 
5027275
[6] Lied K, Bakkehøi K. Empirical 
Calculations of Snow–Avalanche 
Run–out Distance Based on Topographic 
Parameters. J Glaciol. 1980;26(94):165-
177. DOI: 10.3189/S0022143000010704
[7] Horton P, Jaboyedoff M, Rudaz B, 
Zimmermann M. Flow-R, a model for 
susceptibility mapping of debris flows 
and other gravitational hazards at a 
regional scale. Nat Hazards Earth Syst 
Sci. 2013;13(4):869-885. DOI: 10.5194/
nhess-13-869-2013
[8] Keylock CJ, McClung DM, 
Magnússon MM. Avalanche risk 
mapping by simulation. J Glaciol. 
1999;45(150):303-314. DOI: 10.3189/
S0022143000001805
[9] Christen M, Kowalski J, Bartelt P. 
RAMMS: Numerical simulation of dense 
snow avalanches in three-dimensional 
terrain. Cold Reg Sci Technol. 
2010;63(1-2):1-14. DOI: 10.1016/j.
coldregions.2010.04.005
[10] Dorren LKA. Rockyfor3D (v5.2) 
revealed – Transparent description of 
the complete 3D rockfall model. 
ecorisQ paper (www.ecorisq.org). 
2016. p. 33. Available from: www.
ecorisq.org
[11] Barbolini M, Keylock CJ. A new 
method for avalanche hazard mapping 
using a combination of statistical and 
deterministic models. Nat Hazards 
Earth Syst Sci. 2002;2(3/4):239-245. 
DOI: 10.5194/nhess-2-239-2002
[12] Eckert N, Naaim M, Parent E. 
Long-term avalanche hazard assessment 
with a Bayesian depth-averaged 
propagation model. J Glaciol [Internet]. 
2010;56(198):563-586. DOI: 
10.3189/002214310793146331
[13] Perzl F, Teich M. Geodata 
requirements for mapping protective 
functions and effects of forests. In: 
Teich M, Accastello C, Perzl F, 
Kleemayr K, editors. Protective forests 
as Ecosystem-based solution for 
Disaster Risk Reduction (Eco-DRR). 
London: IntechOpen; 2021. DOI: 
10.5772/intechopen.99508
Protective Forests as Ecosystem-Based Solution for Disaster Risk Reduction (ECO-DRR)
20
[14] Losey S, Wehrli A. Schutzwald in 
der Schweiz. Vom Projekt 
SilvaProtect-CH zum harmonisierten 
Schutzwald. Bern; 2013.
[15] Giamboni M, Wehrli A. Improving 
the management of protection forests in 
Switzerland. The project SilvaProtect-CH. 
In: INTERPRAEVENT 2008 – Conference 
Proceedings, Vol 2. 2008. p. 469-80.
[16] Perzl F, Rössel M, Kleemayr K. 
PROFUNmap – Verbesserung der 
Darstellung der Österreichischen 
Wälder mit Objektschutzfunktion. 
Integration von Geodaten mit Aussagen 
über die Schutzfunktion des Waldes. 
Projektbericht V3 2019 im Auftrag des 
BMLRT. Bundesforschungs- und 
Ausbildungszentrum für Wald, 
Naturgefahren und Landschaft (BFW). 
Institut für Naturgefahren, Innsbruck; 
2019. Unpublished. Map accessible at: 
https://www.schutzwald.at/karten.html
[17] Perzl F, Rössel M, Lauss E, 
Neuhauser M. Mapping of protective 
function of forests in Austria against 
shallow landslides. In: Beyer Portner N, 
editor. 14th Congress INTERPRAEVENT 
2021 May 31st to June 2nd 2021 Virtual 
Congress, Norway Conference 
Proceedings. Klagenfurt, Austria: 
International Research Society 




[18] Perzl F, Rössel M, Lauss E. 
GRAVIMOD II. Erstellung von 
Grundlagen zur bundeseinheitlichen 
Ausweisung von Waldflächen mit 
Schutzfunktion vor Boden- und 
Felsrutschungen. Ergänzungsbericht: 
Validierung der Modellierung der 
Grunddisposition für spontane 
Hangrutschung. Projektbericht im 
Auftrag des Bundesministeriums für 
Landwirtschaft, Nachhaltigkeit und 
Tourismus (BMNT). Bericht Version 
B1 2019. BFW, Innsbruck; 2019. 
Unpublished.
[19] Huber A, Kofler A, Fischer J-T, 
Kleemayr K. Projektbericht DAKUMO. 
Bundesforschungs- und 
Ausbildungszentrum für Wald, 
Naturgefahren und Landschaft (BFW), 
Innsbruck; 2017. Unpublished.
[20] Perzl F, Huber A. GRAVIPROFOR. 
Verbesserung der Erfassung der 
Schutzwaldkulisse für die forstliche 
Raumplanung. Synthese und 
Zusammenfassung: Ziele, Grundlagen 
und Ergebnisse der Modellierung von 
Waldflächen mit Lawinen- und 
Steinschlag-Objektschutzfunktion. 
Technische Hilfe im Rahmen des 
österreichischen Programms LE 07-13. 
Projektbericht V1. BFW, Innsbruck; 




[21] Huber A, Perzl F, Fromm R. 
Verbesserung der Beurteilung der 




(GRAVIPROMOD). Projektbericht im 
Auftrag des BMLFUW. 
Bundesforschungszentrum für Wald 





[22] Jaboyedoff M, Dudt JP, Labiouse V. 
An attempt to refine rockfall hazard 
zoning based on the kinetic energy, 
frequency and fragmentation degree. 
Nat Hazards Earth Syst Sci. 
2005;5(5):621-632. DOI: 10.5194/
nhess-5-621-2005
[23] Lingua E, Bettella F, Pividori M, 
Marzano R, Garbarino M, Piras M, et al. 
The Protective Role of Forests to Reduce 
Rockfall Risks and Impacts in the Alps 
Under a Climate Change Perspective. In: 
Climate Change Management. Springer; 
2020. p. 333-347.
21
Modeling Protective Forests for Gravitational Natural Hazards and How It Relates to Risk-Based…
DOI: http://dx.doi.org/10.5772/intechopen.99510
[24] Poisel R. Felsstürze - 
Ablösemechanismen. Berichte der Geol 
Bundesanstalt. 2019;(125):49-58.
[25] Volkwein A, Schellenberg K, 
Labiouse V, Agliardi F, Berger F, 
Bourrier F, et al. Rockfall 
characterisation and structural 
protection – a review. Nat Hazards Earth 
Syst Sci. 2011;11(9):2617-2651. DOI: 
10.5194/nhess-11-2617-2011
[26] Loye A, Jaboyedoff M, Pedrazzini A. 
Identification of potential rockfall 
source areas at a regional scale using a 
DEM-based geomorphometric analysis. 
Nat Hazards Earth Syst Sci. 
2009;9(5):1643-1653. DOI: 10.5194/
nhess-9-1643-2009
[27] Dorren LKA, Domaas U, 
Kronholm K, Labiouse V. Methods for 
predicting rockfall trajectories and 
runout zones. In: Lambert S, editor. 
Rockfall engineering. London: John 
Wiley & Sons, Ltd; 2011. p. 143-73.
[28] Heim A. Bergsturz und 
Menschenleben. Zürich: Fretz & 
Wasmuth; 1932. 218 p.
[29] Keylock C, Domaas U. Evaluation of 
Topographic Models of Rockfall Travel 
Distance for Use in Hazard Applications. 
Arctic, Antarct Alp Res. 1999;31(3):312-
320. DOI: 
10.1080/15230430.1999.12003314
[30] Toppe R. Terrain models - A tool for 
natural hazard mapping. In: Avalanche 
formation, movement and effects 
(Proceedings of the Davos Symposium, 
September 1986). IAHS Publ. no. 162; 
1987. p. 629-38. Available from: http://
hydrologie.org/redbooks/a162/
iahs_162_0629.pdf
[31] IRSTEA. Proposition d’une note 
technique à l’attention des Services 
Déconcentrés de l’Etat en charge des 
procédures PPRn. Méthodologie de 
l’élaboration du volet «aléa rocheux» 
d’un PPRn. 2014.
[32] Dorren L, Berger F, Jonsson M, 
Krautblatter M, Mölk M, Stoffel M, et al. 
State of the art in rockfall – forest 
interactions. Schweizerische Zeitschrift 
für Forstwes. 2007;158(6):128-141. DOI: 
10.3188/szf.2007.0128
[33] Berger F, Dorren LKA. Principles of 
the tool Rockfor.net for quantifying the 
rockfall hazard below a protection 
forest. Schweizerische Zeitschrift für 
Forstwes. 2007;158(6):157-165. DOI: 
10.3188/szf.2007.0157
[34] Moos C, Dorren L, Stoffel M. 
Quantifying the effect of forests on 
frequency and intensity of rockfalls. Nat 
Hazards Earth Syst Sci. 2017;17(2):291-
304. DOI: 10.5194/nhess-17-291-2017
[35] Quarteroni A. Modélisation 
statistique pour l’aide à la cartographie 
de l’aléa chute de blocs : Influence de la 
topographie du versant et du couvert 
forestier. AgroParisTech; 2017.
[36] Oswald V. Auswirkungen des 
Schutzwaldes auf 
Steinschlagmodellierungen in Vals: 
Sensitivitätsanalyse in Rockyfor3D und 
RAMMS::ROCKFALL. Leopold-
Franzens-Universität Innsbruck; 2020.
[37] Ruiz-Carulla R, Corominas J. 
Analysis of Rockfalls by Means of a 
Fractal Fragmentation Model. Rock 
Mech Rock Eng. 2020;53(3):1433-1455. 
DOI: 10.1007/s00603-019-01987-2
[38] Matas G, Lantada N, Corominas J, 
Gili J, Ruiz-Carulla R, Prades A. 
Simulation of Full-Scale Rockfall Tests 
with a Fragmentation Model. 
Geosciences. 2020;10(5):168. DOI: 
10.3390/geosciences10050168
[39] Perret S, Dolf F, Kienholz H. 
Rockfalls into forests: Analysis and 
simulation of rockfall trajectories ? 
considerations with respect to 
mountainous forests in Switzerland. 
Landslides. 2004;1(2). DOI: 10.1007/
s10346-004-0014-4
Protective Forests as Ecosystem-Based Solution for Disaster Risk Reduction (ECO-DRR)
22
[40] Dorren LKA, Berger F, Putters US. 
Real-size experiments and 3-D 
simulation of rockfall on forested and 
non-forested slopes. Nat Hazards Earth 
Syst Sci. 2006;6(1):145-153. DOI: 
10.5194/nhess-6-145-2006
[41] Descoeudres F, Zimmermann T. 
Three-dimensional Dynamic 
Calculation of Rockfalls. In: 6th ISRM 
Congress, Montreal, Canada. 1987.
[42] Guzzetti F, Crosta G, Detti R, 
Agliardi F. STONE: a computer program 
for the three-dimensional simulation of 
rock-falls. Comput Geosci. 
2002;28(9):1079-1093. DOI: 10.1016/
S0098-3004(02)00025-0
[43] Lan H, Derek Martin C, Lim CH. 
RockFall analyst: A GIS extension for 
three-dimensional and spatially 
distributed rockfall hazard modeling. 
Comput Geosci. 2007;33(2):262-279. 
DOI: 10.1016/j.cageo.2006.05.013
[44] Žabota B, Mikoš M, Kobal M. 
Rockfall Modelling in Forested Areas: 
The Role of Digital Terrain Model Grid 
Cell Size. Appl Sci. 2021;11(4):1461. 
DOI: 10.3390/app11041461
[45] Lu G, Caviezel A, Christen M, 
Bühler Y, Bartelt P. Modelling rockfall 
dynamics using (convex) non-smooth 
mechanics. In: Numerical Methods in 
Geotechnical Engineering IX. 1st ed. 
CRC Press; 2018. p. 575-583.
[46] Schneebeli M, Bebi P. Snow and 
Avalanche Control. Encycl For Sci. 
2004:397-402.
[47] Teich M, Bartelt P, Grět-Regamey A, 
Bebi P, Grêt-Regamey A, Bebi P. Snow 
Avalanches in Forested Terrain: 
Influence of Forest Parameters, 
Topography, and Avalanche 
Characteristics on Runout Distance. 
Arct Antarct Alp Res. 2012;44(4):509-
519. DOI: 10.1657/1938-4246-44.4.509
[48] Bartelt P, Stöckli V. The influence of 
tree and branch fracture, overturning 
and debris entrainment on snow 
avalanche flow. Ann Glaciol. 
2001;32:209-216. DOI: 
10.3189/172756401781819544
[49] Anderson G, McClung D. Snow 
avalanche penetration into mature 
forest from timber-harvested terrain. 
Can Geotech J. 2012;49(4):477-484. 
DOI: 10.1139/t2012-018
[50] Takeuchi Y, Torita H, Nishimura K, 
Hirashima H. Study of large-scale dry 
slab avalanche and the extent of damage 
to a cedar forest in the Makunosawa 
valley, Myoko, Japan. Ann Glaciol. 
2011;52(58):119-128.
[51] Takeuchi Y, Nishimura K, Patra A. 
Observations and numerical simulations 
of the braking effect of forests on 
large-scale avalanches. Ann Glaciol. 
2018;1-9. DOI: 10.1017/aog.2018.22
[52] Bebi P, Kulakowski D, Rixen C. 
Snow avalanche disturbances in forest 
ecosystems—State of research and 
implications for management. For Ecol 
Manage. 2009;257(9):1883-1892. DOI: 
10.1016/j.foreco.2009.01.050
[53] Zurbriggen N, Nabel JEMS, Teich M, 
Bebi P, Lischke H. Explicit avalanche-
forest feedback simulations improve the 
performance of a coupled avalanche-
forest model. Ecol Complex. 
2014;17(1):56-66. DOI: 10.1016/j.
ecocom.2013.09.002
[54] Bühler Y, Von Rickenbach D, 
Stoffel A, Margreth S, Stoffel L, 
Christen M. Automated snow avalanche 
release area delineation-validation of 
existing algorithms and proposition of a 
new object-based approach for large-
scale hazard indication mapping. Nat 
Hazards Earth Syst Sci. 2018;18(12):3235-
3251. DOI: 10.5194/nhess-18-3235-2018
[55] Teich M, Bebi P. Evaluating the 
benefit of avalanche protection forest 
with GIS-based risk analyses-A case 
study in Switzerland. For Ecol Manage. 
23




[56] Feistl T, Bebi P, Teich M, Bühler Y, 
Christen M, Thuro K, et al. Observations 
and modeling of the braking effect of 
forests on small and medium avalanches. 
J Glaciol. 2014;60(219):124-138. DOI: 
10.3189/2014JoG13J055
[57] Feistl T. Vegetation effects on 
avalanche dynamics. Technische 
Universität München; 2015.
[58] Brožová N, Fischer JT, Bühler Y, 
Bartelt P, Bebi P. Determining forest 
parameters for avalanche simulation 
using remote sensing data. Cold Reg Sci 
Technol. 2020;172:102976. DOI: 
10.1016/j.coldregions.2019.102976
[59] Bühler Y, Kumar S, Veitinger J, 
Christen M, Stoffel A. Automated 
identification of potential snow 
avalanche release areas based on digital 
elevation models. Nat Hazards Earth 
Syst Sci. 2013;13(5):1321-1335. DOI: 
10.5194/nhess-13-1321-2013
[60] Veitinger J, Stuart Purves R, 
Sovilla B. Potential slab avalanche 
release area identification from 
estimated winter terrain: A multi-scale, 
fuzzy logic approach. Nat Hazards Earth 
Syst Sci. 2016;16(10):2211-2225. DOI: 
10.5194/nhess-16-2211-2016
[61] Maggioni M, Gruber U. The 
influence of topographic parameters on 
avalanche release dimension and 
frequency. Cold Reg Sci Technol. 
2003;37(3):407-419. DOI: 10.1016/
S0165-232X(03)00080-6
[62] Bebi P, Kienast F, Schönenberger W. 
Assessing structures in mountain forests 
as a basis for investigating the forests’ 
dynamics and protective function. For 
Ecol Manage. 2001;145(1-2):3-14. DOI: 
10.1016/S0378-1127(00)00570-3
[63] Gauer P. Avalanche probability: Slab 
release and the effect of forest cover. 
Proc Int Snow Sci Work 2018, Innbruck, 
Austria. 2018;76-83.
[64] Stritih A, Bebi P, Grêt-Regamey A. 
Quantifying uncertainties in EO-based 
ecosystem service assessments. Environ 
Model Softw. 2019;111;300-310. DOI: 
10.1016/J.ENVSOFT.2018.09.005
[65] McClung DM, Mears AI, Schaerer P. 
Extreme Avalanche Run-Out: Data from 
four Mountain Ranges. Ann Glaciol. 
1989;13:180-184. DOI: 10.3189/
S0260305500007850
[66] Stritih A. Dealing with uncertainties 
in the assessment of the avalanche 
protective effects of forests. In: Teich M, 
Accastello C, Perzl F, Kleemayr K, editors. 
Protective forests as Ecosystem-based 
solution for Disaster Risk Reduction 
(Eco-DRR). London: IntechOpen; 2021. 
DOI: 10.5772/intechopen.99515
[67] D’Amboise CJL, Žabota B, 
Poratelli F, Pecan P, Plörer M, 
Accastello C, et al. A.T1.6 Construction 
of the innovative and new protective 
forest assessment tool (FAT) [Internet]. 




[68] Protective Forest Assessment Tool 
(FAT) [Internet]. Available from: 
https://gr4a.geocodis.com/
[69] Buser O, Frutiger H. Observed 
Maximum Run-Out Distance of Snow 
Avalanches and the Determination of 
the Friction Coefficients μ and ξ. J 
Glaciol. 1980;26(94):121-130. DOI: 
10.3189/S0022143000010662
[70] Gubler H, Rychetnik J. Effects of 
forests near the timberline on avalanche 
formation. In: Bergmann H et al., editor. 
Snow, Hydrology and Forests in High 
Alpine Areas, Proceedings of the Vienna 
Symposium, August 1991, IAHS 
Publications 205. Vienna, Austria; 1991. 
p. 19-37.
Protective Forests as Ecosystem-Based Solution for Disaster Risk Reduction (ECO-DRR)
24
[71] Salm B. Snow forces on forest plants. 
In: Mountain Forests and Avalanches 
IUFRO Working Party Snow and 
Avalanches Proceedings of the Davos 
Seminar September 1978: SFISAR. 1978. 
p. 157-81.
[72] Voellmy A. Über die 




[73] Ancey C, Meunier M, Richard D. 
Inverse problem in avalanche dynamics 
models. Water Resour Res. 
2003;39(4):1099. DOI: 
10.1029/2002WR001749
[74] Salm B, Burkard A, Gubler HU. 
Berechnung von Fliesslawinen. Eine 
Anleitung für Praktiker mit Beispielen. 
Mitteilungen des Eidgenössischen 
Instituts für Schnee- und 
Lawinenforsch. 1990;(47):37.
[75] Luong TH, Baker JL, Einav I. 
Spread-out and slow-down of granular 
flows through model forests. Granul 
Matter. 2020;22(1):1-10. DOI: 10.1007/
s10035-019-0980-9
[76] Casteller A, Christen M, Villalba R, 
Martínez H, Stöckli V, Leiva JC, et al. 
Validating numerical simulations of 
snow avalanches using 
dendrochronology: the Cerro Ventana 
event in Northern Patagonia, Argentina. 
Nat Hazards Earth Syst Sci. 
2008;8(3):433-443. DOI: 10.5194/
nhess-8-433-2008
[77] Teich M, Fischer J-T, Feistl T, Bebi P, 
Christen M, Grêt-Regamey A. 
Computational snow avalanche 
simulation in forested terrain. Nat 
Hazards Earth Syst Sci. 2014;14(8):2233-
2248. DOI: 10.5194/nhess-14-2233-2014
[78] Corominas J, van Westen C, 
Frattini P, Cascini L, Malet J-P, 
Fotopoulou S, et al. Recommendations 
for the quantitative analysis of landslide 
risk. Bull Eng Geol Environ. 
2014;73:209-263. DOI: 10.1007/
s10064-013-0538-8
[79] Fell R, Corominas J, Bonnard C, 
Cascini L, Leroi E, Savage WZ. 
Guidelines for landslide susceptibility, 
hazard and risk zoning for land use 
planning. Eng Geol. 2008;102(3-4):85-
98. DOI: 10.1016/j.enggeo.2008.03.022
[80] Glade T, Anderson M, Crozier MJ. 
Landslide hazard and risk: Issues, 
Concepts and Approach. Chichester: 
John Wiley & Sons, Ltd; 2005.
[81] Goetz JN, Guthrie RH, Brenning A. 
Forest harvesting is associated with 
increased landslide activity during an 
extreme rainstorm on Vancouver Island, 
Canada. Nat Hazards Earth Syst Sci. 
2015;15(6):1311-1330. DOI: 10.5194/
nhess-15-1311-2015
[82] Schmaltz EM, Van Beek LPH, 
Bogaard TA, Kraushaar S, Steger S, 
Glade T. Strategies to improve the 
explanatory power of a dynamic slope 
stability model by enhancing land cover 
parameterisation and model complexity. 
Earth Surf Process Landforms. 
2019;44(6):1259-1273. DOI: 10.1002/
esp.4570
[83] Vorpahl P, Elsenbeer H, Märker M, 
Schröder B. How can statistical models 
help to determine driving factors of 
landslides? Ecol Modell. 2012;239:27-39. 
DOI: 10.1016/j.ecolmodel.2011.12.007
[84] van Westen CJ, Castellanos E, 
Kuriakose SL. Spatial data for landslide 
susceptibility, hazard, and vulnerability 
assessment: An overview. Eng Geol. 
2008;102(3-4):112-131. DOI: 10.1016/j.
enggeo.2008.03.010
[85] Alvioli M, Baum RL. Parallelization 
of the TRIGRS model for rainfall-
induced landslides using the message 




Modeling Protective Forests for Gravitational Natural Hazards and How It Relates to Risk-Based…
DOI: http://dx.doi.org/10.5772/intechopen.99510
[86] Wichmann V. The Gravitational 
Process Path (GPP) model (v1.0) - A 
GIS-based simulation framework for 
gravitational processes. Geosci Model 
Dev. 2017;10(9):3309-3327. DOI: 
10.5194/gmd-10-3309-2017
[87] Mergili M, Fischer J-T, Krenn J, 
Pudasaini SP. r.avaflow v1, an advanced 
open-source computational framework 
for the propagation and interaction of 
two-phase mass flows. Geosci Model 
Dev. 2017;10(2):553-569. DOI: 10.5194/
gmd-10-553-2017
[88] Mergili M, Krenn J, Chu H-J. 
r.randomwalk v1, a multi-functional 
conceptual tool for mass movement 
routing. Geosci Model Dev. 
2015;8(12):4027-4043. DOI: 10.5194/
gmd-8-4027-2015
[89] Mergili M, Marchesini I, Alvioli M, 
Metz M, Schneider-Muntau B, Rossi M, 
et al. A strategy for GIS-based 3-D slope 
stability modelling over large areas. 
Geosci Model Dev. 2014;7(6):2969-2982. 
DOI: 10.5194/gmd-7-2969-2014
[90] Cascini L. Applicability of landslide 
susceptibility and hazard zoning at 
different scales. Eng Geol. 2008;102(3-
4):164-177. DOI: 10.1016/j.
enggeo.2008.03.016
[91] Van Rompaey AJJ, Govers G. Data 
quality and model complexity for 
regional scale soil erosion prediction. Int 
J Geogr Inf Sci. 2002;16(7):663-680. 
DOI: 10.1080/13658810210148561
[92] Steger S, Mair V, Kofler C, 
Pittore M, Zebisch M, Schneiderbauer S. 
Correlation does not imply geomorphic 
causation in data-driven landslide 
susceptibility modelling-Benefits of 
exploring landslide data collection 
effects. Sci Total Environ. 
2021;776:145935. DOI: 10.1016/j.
scitotenv.2021.145935
[93] Lombardo L, Opitz T, Ardizzone F, 
Guzzetti F, Huser R. Space-time 
landslide predictive modelling. Earth-
Science Rev. 2020;209:103318. DOI: 
10.1016/j.earscirev.2020.103318
[94] Heckmann T, Gegg K, Gegg A, 
Becht M. Sample size matters: 
investigating the effect of sample size on 
a logistic regression susceptibility model 
for debris flows. Nat Hazards Earth Syst 
Sci. 2014;14(2):259-278. DOI: 10.5194/
nhess-14-259-2014
[95] de Lima Neves Seefelder C, Koide S, 
Mergili M. Does parameterization 
influence the performance of slope 
stability model results? A case study in 
Rio de Janeiro, Brazil. Landslides. 
2017;14(4):1389-1401. DOI: 10.1007/
s10346-016-0783-6
[96] Schmaltz EM, Steger S, Glade T. The 
influence of forest cover on landslide 
occurrence explored with spatio-
temporal information. Geomorphology. 
2017;290:250-264. DOI: 10.1016/j.
geomorph.2017.04.024
[97] Reichenbach P, Busca C, 
Mondini AC, Rossi M. The Influence of 
Land Use Change on Landslide 
Susceptibility Zonation: The Briga 
Catchment Test Site (Messina, Italy). 
Environ Manage. 2014;54(6):1372-1384. 
DOI: 10.1007/s00267-014-0357-0
[98] Interreg Alpine Space project 




[99] Steger S, Brenning A, Bell R, 
Glade T. The influence of systematically 
incomplete shallow landslide inventories 
on statistical susceptibility models and 
suggestions for improvements. 
Landslides. 2017;14(5):1767-1781. DOI: 
10.1007/s10346-017-0820-0
[100] Montgomery DR, Dietrich WE. 
A physically based model for the 
topographic control on shallow 
landsliding. Water Resour Res. 




[101] Baum RL, Savage WZ, Godt JW. 
TRIGRS – A Fortran Program for 
Transient Rainfall Infiltration and Grid 
Based Regional Slope Stability Analysis, 
Open file report 02-424. Denver, 
CO; 2002.
[102] Schwarz M, Cohen D, Or D. Spatial 
characterization of root reinforcement 
at stand scale: Theory and case study. 
Geomorphology. 2012;171-172:190-200. 
DOI: 10.1016/j.geomorph.2012.05.020
[103] Van Beek LPH, Van Asch TW. 
Regional Assessment of the Effects of 
Land-Use Change on Landslide Hazard 
By Means of Physically Based Modelling. 
Nat Hazards. 2004;31(1):289-304. DOI: 
10.1023/B:NHAZ.0000020267.39691.39
[104] Sidle RC, Ochiai H. Landslides: 
processes, prediction, and land use. 
Water Reso 18. Washington, DC: 
American Geophysical Union; 2006. 
DOI: 10.1029/WM018
[105] Moos C, Bebi P, Graf F, Mattli J, 
Rickli C, Schwarz M. How does forest 
structure affect root reinforcement and 
susceptibility to shallow landslides? 
Earth Surf Process Landforms. 
2016;41(7):951-960. DOI: 10.1002/
esp.3887
[106] Kuriakose SL, van Beek LPH, van 
Westen CJ. Parameterizing a physically 
based shallow landslide model in a data 
poor region. Earth Surf Process 
Landforms. 2009;34(6):867-881. DOI: 
10.1002/esp.1794
[107] Pudasaini SP, Mergili M. A Multi-
Phase Mass Flow Model. J Geophys Res 
Earth Surf. 2019;124(12):2920-2942. 
DOI: 10.1029/2019JF005204
[108] Gsteiger P. Steinschlagschutzwald. 
Ein Beitrag zur Abgrenzung, 
Beurteilung und Bewirtschaftung. 
Schweizerische Zeitschrift für Forstwes. 
1993;144(2):115-132.
[109] Mölk M, Rieder B. Rockfall hazard 
zones in Austria. Experience, problems 
and solutions in the development of a 
standardised procedure. Geomech 
Tunn. 2017;10(1):24-33. DOI: 10.1002/
geot.201600065
[110] Dorren LK., Seijmonsbergen AC. 
Comparison of three GIS-based models 
for predicting rockfall runout zones at a 
regional scale. Geomorphology. 
2003;56(1-2):49-64. DOI: 10.1016/
S0169-555X(03)00045-X
[111] Jaboyedoff M, Pedrazzini A. The 
usefulness of the reach angle concept for 
hazard zoning using statistical 
approach. In: EGU General Assembly 
Conference Abstracts [Internet]. 
Vienna, Austria; 2010. p. 5409. Available 
from: https://ui.adsabs.harvard.edu/
abs/2010EGUGA..12.5409J/abstract
[112] Rickli C, Graf F, Gerber W, Frei M, 
Böll A. Der Wald und seine Bedeutung 
bei Naturgefahren geologischen 
Ursprungs. Forum für Wissen. 
2004;27-34.
[113] Jahn J. Deforestation and Rockfall. 
In: Internationales Symposium 
INTERPRAEVENT 1988 - Graz 
Tagugspublikation, Band 1. 1988. 
p. 185-98.
[114] Zinggeler A. Steinschlagsimulation 
in Gebirgswäldern: Modellierung der 
relevanten Teilprozesse. 1990.
[115] Doche O. Etude expérimentale de 
chutes de blocs en forêt. 1997.
[116] Dorren LK., Maier B, Putters US, 
Seijmonsbergen AC. Combining field 
and modelling techniques to assess 
rockfall dynamics on a protection forest 




Modeling Protective Forests for Gravitational Natural Hazards and How It Relates to Risk-Based…
DOI: http://dx.doi.org/10.5772/intechopen.99510
[117] Lateltin O, Beer C, Raetzo H, 
Caron C. Landslides in Flysch terranes 
of Switzerland: Causal factors and 
climate change. Eclogae Geol Helv. 
1997;90(3):401-406.
[118] Johannesson T, Gauer P, Issler D, 
Lied K. The design of avalanche 
protection dams: recent practical and 
theoretical developments. Project 
Reports EUR23339. Brussels: European 
Communities; 2009.
[119] Gubler HU. Measurements and 
modelling of snow avalanche speeds. 
IAHS Publ. 1987;(162):405-420.
[120] Fellin W. Einführung in Eis-, 
Schnee- und Lawinenmechanik. Berlin, 
Heidelberg: Springer-Verlag Berlin 
Heidelberg; 2013. DOI: 
10.1007/978-3-642-25962-3
[121] Rapin F. A new scale for avalanche 
intensity. In: Proceedings of the 
International Snow Science Workshop 




[122] Feistl T, Bebi P, Christen M, 
Margreth S, Diefenbach L, Bartelt P. 
Forest damage and snow avalanche flow 
regime. Nat Hazards Earth Syst Sci. 
2015;15(6):1275-1288. DOI: 10.5194/
nhess-15-1275-2015
[123] Petschko H, Brenning A, Bell R, 
Goetz J, Glade T. Assessing the quality 
of landslide susceptibility maps – case 
study Lower Austria. Nat Hazards Earth 
Syst Sci. 2014;14(1):95-118. DOI: 
10.5194/nhess-14-95-2014
[124] Crozier MJ. Landslides: causes, 
consequences & environment. London: 
Taylor & Francis; 1989.
[125] Bathurst JC, Bovolo CI, Cisneros F. 
Modelling the effect of forest cover on 
shallow landslides at the river basin 
scale. Ecol Eng. 2010;36(3):317-327. 
DOI: 10.1016/j.ecoleng.2009.05.001
[126] Cocuccioni S, Renner K, Steger S, 
D’Amboise C, Hormes A, Plörer M, 
et al. D.T3.2.1 Report on “Preparation for 
risk analysis and strategy workshops” 




[127] Bebi P, Bast A, Helzel KP, 
Schmucki G, Brožová N, Bühler Y. 
Avalanche protection forest: from 
process knowledge to interactive maps. 
In: Teich M, Accastello C, Perzl F, 
Kleemayr K, editors. Protective forests 
as Ecosystem-based solution for 
Disaster Risk Reduction (Eco-DRR). 
London: IntechOpen; 2021. DOI: 
10.5772/intechopen.99514
[128] Moos C, Dorren LKA. Cost-benefit 
analysis as a basis for risk-based rockfall 
protection forest management. In: 
Teich M, Accastello C, Perzl F, 
Kleemayr K, editors. Protective forests 
as Ecosystem-based solution for 
Disaster Risk Reduction (Eco-DRR). 
London: IntechOpen; 2021. DOI: 
10.5772/intechopen.99513
[129] Zgheib T. Trajectories of avalanche 
risk resulting from socio-environmental 
changes in the high valleys of the French 
Alps. Université Grenoble Alpes; 2021. 
Available from: https://tel.archives-
ouvertes.fr/tel-03231395/document
